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points	𝐴 = 	 𝑎, 𝑏, 𝑐, 𝑑, 𝑒 	and	𝐵 = 	 [𝑎, 𝑏, 𝑑, 𝑓, 𝑔]	their	Jaccard	index	would	be:	| 𝑎, 𝑏, 𝑑 |𝑎, 𝑏, 𝑐, 𝑑, 𝑒 + 𝑎, 𝑏, 𝑑, 𝑓, 𝑔 − 𝑎, 𝑏, 𝑑 	𝑜𝑟	 35 + 5 − 3	 = 	37	






























































































	 5.12	 5.13	 5.14	 5.15	 5.16	 5.17	
5.12	 N/A	 No	Split	 No	Split	 Split	 Split	 Split	
5.13	 No	Split	 N/A	 No	Split	 No	Split	 Split	 Split	
5.14	 No	Split	 No	Split	 N/A	 No	Split	 Split	 Split	
5.15	 Split	 No	Split	 No	Split	 N/A	 Split	 Split	
5.16	 Split	 Split	 Split	 Split	 N/A	 No	Split	




































	 5.12	 5.13	 5.14	 5.15	 5.16	 5.17	
5.12	 0.00	 	 	 	 	 	
5.13	 0.91	 0.00	 	 	 	 	
5.14	 1.00	 0.67	 0.00	 	 	 	
5.15	 1.00	 0.67	 0.29	 0.00	 	 	
5.16	 1.00	 1.00	 0.91	 0.91	 0.00	 	
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two	points	𝐴 = 	 𝑎, 𝑏, 𝑐 	and	𝐵 = 	 𝑐, 𝑎, 𝑏 		𝐴	would	have	the	ordered	pairs	[𝑎 → 𝑏, 𝑎 → 𝑐, 𝑏 →𝑐]	and	𝐵	would	have	[𝑐	 → 𝑎, 𝑐	 → 𝑏, 𝑎 → 𝑏].	The	total	distance	would	be:	
1 − 𝑎 → 𝑏𝑎 → 𝑏, 𝑎 → 𝑐, 𝑏 → 𝑐, 𝑐	 → 𝑎, 𝑐	 → 𝑏 = 1 −	15 = 0.8		
This	new	metric	does	a	good	job	of	accounting	for	order,	but	it	focuses	almost	exclusively	on	
that	order.	These	two	sets	have	the	exact	same	points,	but	because	the	order	changes	slightly,	
the	distance	between	them	is	very	large.	To	combat	this,	we	combined	this	new	metric	with	
Jaccard	distance	each	equally	weighted.	This	step	makes	the	total	distance	between	𝐴	and	𝐵	
0.4	rather	than	0.8,	which	is	much	closer.		
	We	used	this	new	distance	to	run	some	tests	on	our	data	to	see	how	DBSCAN	would	perform.	
We	specifically	looked	at	patch	5.16	and	the	first	thing	we	observed	is	that	our	old	parameters	
no	longer	work.	ε	to	0.3	and	𝑚𝑖𝑛𝑃𝑡𝑠	100	simply	results	in	all	noise	and	no	clusters.	This	makes	
sense	given	that	on	the	whole	our	points	are	now	farther	apart.	Our	previous	method	of	
iterating	through	parameter	combinations	until	we	discover	a	cluster	or	clusters	that	are	not	
comprised	entirely	of	duplicate	points	doesn’t	work	as	well	with	this	distance	metric	due	to	the	
increased	distance	between	points.	We	do	see,	however,	that	ε	lower	than	0.5	always	
produces	comparatively	small	clusters	often	consisting	of	less	than	800	points	and	frequently	
being	smaller	than	100	points.	ε	values	at	or	above	0.6	result	in	a	single	cluster	with	varying	
amounts	of	noise	points	depending	on	𝑚𝑖𝑛𝑃𝑡𝑠.	ε	between	0.5	and	0.6	seems	to	be	the	sweet	
spot	as	everything	between	those	values	always	results	in	at	least	one	significant	cluster.	This	is	
illustrated	in	figure	2	below.	One	interesting	observation	is	that	𝑚𝑖𝑛𝑃𝑡𝑠	is	much	less	sensitive	
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than	it	was	with	just	Jaccard	distance.	The	minimum	is	around	100	rather	than	50,	but	
depending	on	the	exact	value	of	ε	we	can	set	𝑚𝑖𝑛𝑃𝑡𝑠	much	higher,	in	some	cases	over	1000,	
before	we	start	to	transform	the	single	strong	cluster	with	noise.	It’s	possible	that	this	new	
distance	is	overvaluing	or	undervaluing	order,	but	that	could	be	tuned	up	or	down	depending	
on	what	one	believes	is	a	better	measure	of	distance	between	sets	of	bans	is	League	of	
Legends.	
			A	potentially	more	exciting	prospect	would	be	adapting	our	system	for	use	in	various	other	
games.	Detecting	and	describing	metagames	is	a	challenging	problem	especially	in	the	general	
case.	Adapting	our	system	could	help	many	other	developers	find	their	game’s	metagame	
quickly	and	efficiently.	This	is	especially	exciting	for	smaller	developers	who	don’t	have	Riot’s	
resources.	With	a	modified	version	of	our	system,	small	development	teams	would	have	a	tool	
Figure	2	New	possible	values	for	Epsilon	and	minPts	
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to	quickly	detect	metagame	shifts	and	respond	if	they	don’t	like	the	way	the	environment	is	
progressing.		
The	process	wouldn’t	be	too	complex,	seeing	as	how	most	of	the	system	is	built	on	
rather	game	agnostic	parts.	The	distance	metric	is	generic	and	the	data	collection	only	requires	
a	surface	level	understanding	of	the	game.	Given	all	the	complexity	of	League	of	Legends,	
results	can	be	gathered	with	just	what	characters	are	banned	in	the	game.	These	techniques	
are	easily	mapped	onto	other	MOBA	style	games	like	Defense	of	the	Ancients	2	and	Heroes	of	
the	Storm,	to	name	two	popular	examples.	Both	games	have	a	wide	array	of	characters	to	
choose	from	and	a	system	of	bans	to	prevent	some	characters	from	participating	in	a	given	
game.	A	large	amount	of	game	specific	knowledge	wouldn’t	be	required	to	map	our	methods	
onto	other	genres	either.	Various	competitive	shooter	games	like	Counter	Strike:	Global	
Offensive	or	Overwatch	have	similar	choices	players	can	make.	Overwatch	has	different	
characters	to	play	as	and	form	teams	with,	and	Counter	Strike	has	a	variety	of	weapons	players	
can	use	at	the	start	of	every	round.	If	the	rate	at	which	these	things	are	selected	is	available,	
either	through	a	convenient	API	like	Riot	has,	or	via	data	scrapping,	then	it	should	be	possible	to	
implement	a	similar	system	for	those	games	with	minimal	changes.		
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